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Abstract. The stratification of life outcomes is a central concern of sociology, but
to what extent can adult outcomes be predicted from childhood circumstances?
Although decades of research have identified important family and socioeconomic
factors associated with mobility and attainment, these models explain only a modest
share of individual variation in outcomes. Using harmonized longitudinal data from
the Cross-National Equivalent Files (CNEF) and an ensemble of machine-learning
models, we estimate the predictability of adult outcomes in the United States,
United Kingdom, Germany, Australia, and South Korea. Predictability varies
substantially across outcomes and national contexts: educational attainment is
more predictable than economic outcomes, poverty is far more predictable in the
U.S., and income mobility is substantially less predictable than overall attainment
outcomes. Additional U.S. analyses show that adding race, wealth, parental incarcer-
ation, and other variables improves predictions only slightly. We further show that
predictability captures a distinct dimension of stratification not fully captured in
other traditional measures of mobility, inequality, and opportunity. Together, these
findings provide new insights into where and how the birth lottery most strongly
shapes life chances.
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Introduction
How much of where people end up in life can be predicted from where they start? This
question lies at the heart of sociological debates about inequality, opportunity, and social
mobility. For decades, researchers studied the links between parent and child outcomes
to assess the strength of associations between their socio-economic positions (Blau and
Duncan 1967; Breen and Jonsson 2005; Chetty et al. 2014). Researchers have frequently
studied these patterns from a cross-national perspective, revealing, for example, that the
association between parents’ and children’s incomes is stronger in the United States (U.S.)
than in many other high-income countries (Corak 2013; Solon 2002; Torche 2015). A
focus on the magnitude of intergenerational associations, however, reveals little about how
accurately we can predict where individuals will end up based on where they started. Even
if higher parental income is associated with higher adult income, children from similar family
backgrounds often experience strikingly different outcomes in adulthood, suggesting that the
strength of intergenerational associations may reveal only part of the extent to which the
birth lottery shapes life chances.

This study investigates the predictability of life outcomes in five high-income coun-
tries: the U.S., United Kingdom (UK), Germany, Australia, and South Korea. Using
harmonized panel datasets with comparable childhood predictors and adult outcomes in each
country, we estimate how well childhood circumstances can predict poverty, income, educa-
tional attainment, and economic mobility. Unlike conventional association-based approaches,
which focus on the strength of relationships between origins and destinations, we focus on
the predictability of individual outcomes from early-life conditions. And different from the
single-country studies that have focused on predictability of outcomes (e.g., Badolato et al.
2026; Breen and Seltzer 2026; Lundberg et al. 2024; Salganik et al. 2020; Savcisens et
al. 2024; Zheng and Cheng 2025), this study compares the predictability across countries
with different welfare state, labor market, and political institutions. Moreover, we examine
cross-national variation in how predictability differs across the income distribution, asking
not only where children end up in adulthood but also how predictable upward and downward
mobility are from childhood circumstances.

We argue that there are conceptual and practical advantages to studying the pre-
dictability of life outcomes beyond intergenerational associations. Conceptually, a focus on
predictability allows us to measure the extent of “social rigidity” resulting from childhood
circumstances. Traditional estimates of intergenerational mobility describe average asso-
ciations, but tell us less about how tightly individual life chances are bound to early-life
conditions. Prediction-based approaches make this constraint explicit: high predictability
implies that childhood circumstances strongly dictate where individuals end up and implies
a rigid stratification system. Low predictability, by contrast, suggests greater individual
variation and more fluid or stochastic mobility processes. This distinction matters: two
countries may exhibit similar magnitudes of social mobility (e.g., the association of parents’
and offsprings’ incomes), yet differ substantially in the extent to which, say, parents’ incomes
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or any other factors can successfully predict the level of the offsprings’ incomes in their
adulthood. Moreover, the predictability of mobility outcomes may vary across the childhood
origin distribution: predicting average income ranks based on childhood circumstances may
be far “easier,” for example, than predicting upward mobility among children born to the
lowest-income parents.

From a practical or applied perspective, levels of predictability also carry direct
relevance for policy efforts to improve life chances. If we can identify which children will
probably end up where (i.e., high predictability), we can strategically concentrate resources
on the most vulnerable. If we cannot (i.e., low predictability), then broad-based or universal
interventions may make more sense.

Scholars have long recognized and pointed out that standard models focused on
understanding the link between early-life variables and later-life outcomes frequently had
limited power to explain the variation in outcomes (Blau and Duncan 1967; Jencks 1972).
Nevertheless these models are incredibly useful for estimating associations between variables
or trying to assess causal pathways (Morgan and Winship 2015). However, more recently,
prediction models have gained renewed interest, spurred by innovations in data and methods
(Edelmann et al. 2020; Molina and Garip 2019; Rahal, Verhagen, and Kirk 2024).

We too take a prediction-focused approach grounded in modern machine-learning
methods, evaluating how accurately adult outcomes can be predicted from a large set of
childhood circumstances. Specifically, we use the SuperLearner ensemble framework, which
combines multiple machine-learning algorithms to minimize out-of-sample prediction error
(Van Der Laan, Polley, and Hubbard 2007). Unlike conventional regression frameworks that
can easily overfit when applied to large sets of correlated variables, ensemble machine learning
uses cross-validation to evaluate performance on unseen data.

We apply this approach to harmonized longitudinal data from five high-income coun-
tries in the Cross-National Equivalent Files (CNEF). For each country, we estimate how
well a comprehensive set of early-life indicators predicts four key outcomes in adulthood:
poverty, top-decile income attainment, total years of education, and income rank. We
then extend the analysis to predict mobility among those from the top and bottom of the
income distribution and compare results across countries. Because our primary objective
is cross-national comparison rather than maximizing predictive performance within any
single country, we rely on harmonized data that provide comparable measures of childhood
circumstances and adult outcomes across countries.

Our findings reveal, first, that adult attainment is moderately predictable from child-
hood circumstances. Benchmark models using only parental income and education already
explain a meaningful share of adult outcomes, and adding richer childhood information
increases predictability further—though the size of the gain varies considerably by outcome
and country. The predictability for the U.S. is broadly consistent with prior U.S.-based stud-
ies using large, single-country data. Yet in a cross-national perspective, the U.S. generally
exhibits higher predictability than other high-income countries. The degree of predictability
varies considerably by outcome: adult education and income rank are more predictable than
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poverty or top-decile attainment, for example.
Second, when we move from predicting overall attainment to predicting

intergenerational income mobility—outcomes conditional on one’s childhood income
group—predictability declines substantially. For many cases and outcomes, the
out-of-sample predictability for staying or moving up or down the income distribution is
close to zero.

Third, we find substantial cross-national variation in predictability across parts of
the income distribution. Poverty is most predictable in the United States, reflecting a
comparatively weak set of welfare state and labor market institutions. On other outcomes,
the United States is far less exceptional: reaching the top income decile, for instance, is no
more predictable in the U.S. than in Korea, and the cross-national gaps are much narrower.
Conversely, in Korea, where residents place a high cultural value on education and where
most adults have a university degree, educational attainment is particularly hard to predict
based on individual origins (Kang and Kim 2026).

Fourth, to assess the robustness of these findings, we conduct sensitivity analyses
using the U.S. case. Expanding the set of predictors to include additional variables such
as race, family wealth, homeownership, and parental incarceration improved predictability
by only a few percentage points. This suggests that the harmonized measures used in the
cross-national analysis already capture much of the information relevant for predicting adult
outcomes. We also tested whether differences in sample size or overfitting could explain
cross-national variation in predictability, but these additional analyses reinforce our core
findings

Finally, we compare each country’s predictability to widely used national indicators of
inequality and mobility (the two indicators underpinning the “Great Gatsby Curve,” Corak
2013). The relationship between income inequality or mobility with predictability of adult
outcomes is far from uniform. Even measures conceptually close to ours—such as indices of
inequality of opportunity—do not fully align with our results, suggesting that predictability
captures a distinct dimension of stratification.

We conclude that predictability represents a distinct and valuable dimension of stratifi-
cation research that cannot be captured through conventional association-based models, and
that prediction provides unique insight into the relevance of the “birth lottery.” Moreover,
we show that predictability varies meaningfully across both national contexts and specific
mobility outcomes, reflecting the influence of distinct sociological and institutional mecha-
nisms across countries and economic starting points. Ultimately, a shift toward predictability
allows us to move beyond describing general social trends toward identifying the specific ways
in which countries systematically constrain or permit different life trajectories.
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The Birth Lottery and the Predictability of Life Outcomes
Imagine a cohort of 1,000 children, followed from childhood into adulthood. A researcher
seeks to understand how the social and economic conditions of their childhoods are related to
their outcomes in adulthood. The researcher conducts detailed surveys with each child and
their parents, collecting information on income, education, family structure, employment,
and more during the individuals’ childhoods and adulthoods. Often, such a researcher
would focus on the association between parents’ socio-economic outcomes (whether income,
education, or other measures) and the same outcomes of the child during their adulthood.
These associations serve as the empirical backbone of intergenerational mobility research, and
are often interpreted as a summary measure of the persistence of socio-economic conditions
from one generation to the next (e.g., Beller and Hout 2006; Blau and Duncan 1967; Bloome
2017; Breen and Jonsson 2005; Chetty et al. 2014; Jencks 1972; Pfeffer and Killewald 2018;
Song et al. 2020). Differences in the strength of this persistence are then used to compare
levels of social mobility across national contexts (Blanden 2013; Corak 2013; Solon 2002;
Torche 2015).

A prediction perspective reframes this task (Molina and Garip 2019; Shmueli 2010;
Verhagen 2022). Here, the researcher’s task is different: to predict who will be relatively
richer or poorer as adults, who will complete higher education, and who will experience
upward or downward mobility, based on an observed set of childhood circumstances. Even
when the correlation between parent and child socio-economic outcomes is strong, the actual
ability to predict where any given child will land may be limited (Lundberg et al. 2024;
Salganik et al. 2020; Yan and Rahal 2025). This might be especially true when predicting
adulthood outcomes for children born to a specific slice of the income distribution. In our
imagined cohort, for example, say that 200 children are in the bottom decile of childhood
income (based on parents’ incomes). How accurately can we predict where these children
will end up on the income distribution as adults? What about the 200 richest children?

This exercise reorients the study of social mobility as a predictive task: assessing
how well we can predict an individual’s future socioeconomic position using information
about their childhood circumstances. If a researcher can accurately predict which of the 200
children will be poor or wealthy as adults, or who will complete higher education, or who
will experience upward or downward mobility, then the society is highly predictable. This
result would suggest that the “birth lottery” really matters: adult outcomes are explained
by childhood circumstances and opportunities to change those outcomes are limited. But
if the researcher cannot predict adult outcomes very well, then the society may be more
open or fluid, suggesting that individuals’ life trajectories are less constrained by their early
environments (Rank 2024).

To illustrate the difference in prediction as opposed to explanation, Figure 1 plots the
observed adulthood income deciles (Y-axis) for children in the US raised in a given parental
income decile (X-axis) (data come from the US PSID sample described later in the paper).
The red circles represent the mean outcome for individuals in each income decile, whereas
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the smaller blue points depict individuals grouped by their childhood and adult incomes.
A straightforward explanatory outcome is that higher incomes during childhood lead

to (or, at minimum, are associated with) higher incomes during adulthood. This is useful
information, as it suggests that increasing the incomes of children’s parents can increase
the likelihood that the children will have higher incomes in their adulthood; indeed, many
causally-identified analyses of policy-induced increases to childhood incomes find better
later-life outcomes for children benefiting from the reforms (Bailey et al. 2024; Hoynes,
Schanzenbach, and Almond 2016).
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Figure 1. Adult income deciles for children in the US from each childhood family income
decile. Data points for individual observations are jittered to make the number of individuals
in each decile visible.

While the average associations align with classic mobility findings, the blue points
in Figure 1 (each individual) offer a separate conclusion. Even within a given childhood
income decile, the spread of adult incomes is large, with greater dispersion implying less
predictability of an adult’s income based on their childhood income. This dispersion reflects
the limitations of parental income as a predictive tool: while childhood income explains
average differences across groups, it does not necessarily predict well the outcomes for a
large portion of the individuals within those groups.

These distinctions are not novel. Even in their foundational work, Blau and Duncan
(1967) acknowledged the limited explanatory power of their models. Although fathers’
education and occupation strongly predicted sons’ occupational attainment, their model
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explained only a modest share of the overall variance, and substantial variation in individual
outcomes remained unexplained. Likewise, Jencks (1972) concluded that family background
and schooling variables accounted for only a limited portion of inequality in adult outcomes.
Even with detailed measures of parental status and educational attainment, a substantial
share of variation in individual outcomes could not be explained.

Yet the distinction between explanation and prediction has taken on renewed im-
portance (Hofman et al. 2021). As Figure 1 illustrates, understanding average trends
tells us little about which specific individuals will experience upward or downward mobility.
Because explanation is not the same as prediction, we can only assess the true weight of the
“birth lottery” by focusing on predictability. In recent years, advances in machine learning
have made prediction a distinct analytic goal. Unlike traditional regression models designed
primarily to estimate average effects, machine learning approaches prioritize out-of-sample
performance and the accurate classification of individual outcomes (Molina and Garip 2019).
This shift has prompted scholars to reconsider how much early-life information might or
might not be able to predict later-life outcomes.

Factors associated with Intergenerational Mobility and Life
Outcomes
Building on the classical work (e.g., Blau and Duncan 1967; Jencks 1972; Sewell, Haller, and
Portes 1969), scholars have developed a long and rich tradition examining the childhood
factors associated with individuals’ life outcomes. Research across sociology, economics,
and related fields has documented the importance of family socioeconomic resources and
early environments for shaping adult attainment (Brand, Park, and Jackson 2025; Cholli
and Durlauf 2022; Hout and DiPrete 2006; National Academies of Sciences and Medicine
2025; Torche 2015). Work on intergenerational mobility has highlighted the role of parental
education (e.g, Breen and Jonsson 2005), occupation (e.g., Jarvis and Song 2017), income
(e.g., Reardon 2018; Solon 2002), poverty (e.g., Corcoran 1995; Duncan et al. 1998; Parolin
et al. 2025), wealth (e.g., Pfeffer and Killewald 2018), and social class (e.g., Erikson,
Goldthorpe, and Portocarero 1979; Weeden and Grusky 2005). Broadly, these document
the many ways and dimensions across which early-life conditions shape individuals’ later-life
outcomes.

At the same time, additional scholarship demonstrates that sociodemographic and
family context factors also matter for life chances and mobility. Family structure shapes
access to resources in childhood (e.g., Bloome 2017; McLanahan, Tach, and Schneider 2013);
race and ethnicity stratify opportunities and exposure to structural barriers throughout
the life course (e.g., Addo and Auguste 2025; Brady et al. 2020; Chetty et al. 2020);
gender differences emerge in educational trajectories, labor market returns, and pathways to
adulthood (e.g., England 2010); and cognitive and noncognitive skills have been linked to
long-run economic and social outcomes (e.g., Heckman, Stixrud, and Urzua 2006), to name
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only a few.
All this work highlights a great constellation of factors shaping life outcomes. Further

complicating matters, many of these factors interact in complex ways. From a causal
inference perspective, a core goal of this literature has been to isolate the effect of each
factor—separating, for example, the influence of parental income from parental education
or neighborhood environment. Yet from the perspective of prediction, the analytic task is
quite different. Rather than asking about the marginal effect of each variable, prediction
shifts the focus toward considering all relevant factors jointly, including their potential
complementarities, interactions, and nonlinearities.

For example, research on assortative mating highlights the non-additive effects of
accounting for both parents’ education (Schwartz 2013). Similarly, research on cumulative
(dis)advantage (DiPrete and Eirich 2006), and heterogeneous treatment effects (Brand, Zhou,
and Xie 2023; Torche, Fletcher, and Brand 2024) suggests that early-life circumstances may
reinforce one another in ways that amplify advantage or disadvantage across the life course.
These dynamics underscore the possibility that even when individual effects appear modest,
their combined predictive value could be substantial.

Likewise, a growing body of work underscores how seemingly small moments or change
encounters can matter decisively for life outcomes. This scholarship reflects an emerging
sociology of luck, which treats consequential, at least partially uncontrollable chance events
as a distinct force in stratification (Rank 2024; Van De Rijt et al. 2026). Drawing on in-depth
interviews, Streib (2023) highlights the role of luck and randomness in explaining adult pay
for college graduates beyond childhood privilege. Furthermore, her research on the “loss
of privilege” (Streib 2020) highlights that the persistence of status is far from guaranteed;
even those born into the upper-middle class experience patterned but unforeseen downward
mobility that defies straightforward mobility models. Similarly, Lundberg et al. (2024) use
qualitative interviews embedded within a longitudinal study to demonstrate how unmeasured
experiences and unpredictable events contribute to variation in life outcomes even among
individuals with similar observable backgrounds. Together, these insights suggest that while
cumulative advantages exist, they are frequently disrupted by stochastic events that place a
sociological ceiling on our ability to predict where any specific individual will land (Van De
Rijt et al. 2026).

The Promise and Limits of Prediction
The rise of prediction-based research is motivated both by the conceptual concerns we
discuss above (i.e., the need to distinguish between average associations and individual-level
determinism, and to better understand the degree of social rigidity embedded in early-life
circumstances), but also by advancements in data and methodological capabilities (e.g.,
Savcisens et al. 2024; Verhagen et al. 2025). Growth in machine learning tools, in particular,
has made the prediction of life outcomes a distinct analytical goal, separate from estimating
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the average associations that standard regression tools can provide (Edelmann et al. 2020;
Molina and Garip 2019; Rahal, Verhagen, and Kirk 2024).

Despite these advancements, the predictability of life outcomes has mixed success.
The most prominent example is the Fragile Families Challenge, a large-scale scientific col-
laboration designed to evaluate how well researchers could predict the life trajectories of
children using early-life data (Salganik et al. 2019, 2020). More than 160 research teams
were provided with longitudinal data that followed approximately 5,000 children born in large
U.S. cities in the early 2000s. Teams used thousands of variables collected between birth and
age 9 to predict six outcomes measured at age 15. Despite access to high-quality data and
the use of state-of-the-art machine learning techniques, the results were strikingly modest.
For the most predictable outcome, material hardship, the best-performing model achieved
an out-of-sample R² of only 0.23 (i.e., it explained 23% of variation in the outcome). For
other outcomes, such as GPA or eviction, R² values hovered around 0.05 or lower, indicating
that even with thousands of predictors and advanced modeling strategies, researchers were
able to explain only a small fraction of the variation in children’s outcomes. These findings
underscore the limits of our predictive capacity but also raise important questions about
the inherent unpredictability of human lives, whether due to measurement error, unobserved
factors, or fundamentally stochastic life events (Lundberg et al. 2024).

Similarly, Zheng and Cheng (2025) used the National Longitudinal Survey of Youth
(NLSY1979) to predict mid-life income levels. Using family background measures, out-of-
sample R² was around 0.08-0.25 (depending on the exact economic outcome), which improved
to 0.15-0.35 when adding in measures of early childhood and adolescent development.

Other single-country studies have similarly found mixed predictability of life outcomes,
depending widely on the volume and types of data. For example, Savcisens et al. (2024)
and Verhagen et al. (2025) use population registry data from Denmark and the Netherlands,
respectively, while Wolfram (2025) uses aspirational essays written by respondents at age
11 to improve predictions. Despite the advances in machine learning, mortality has been
especially difficult to predict in recent studies (Badolato et al. 2026; Breen and Seltzer
2026).

Notably, each of these studies primarily focuses on predicting life outcomes among
a broad sample of respondents from different backgrounds. In effect, the predictability of
life outcomes is a marker of the rigidity of the stratification system (Zheng and Cheng
2025). However, the predictability of social mobility is distinct from the broader focus on
stratification and marks another contribution of our analysis. In addition to predicting life
outcomes for the sample at large, we can also be interested in predicting upward and down-
ward mobility among individuals born to different slices of the parental income distribution.
Our analysis provides new and direct evidence on how well childhood circumstances can
identify which individuals will experience upward or downward mobility.

Importantly, our focus on prediction is related to, but also quite distinct from the
normative framework embedded in the inequality of opportunity literature (Roemer 1998;
Roemer and Trannoy 2016). This approach has been primarily concerned with dissecting
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life chances into “just” and “unjust” inequalities (or “effort” versus “luck”) (Ferreira and
Peragine 2016; Kanbur and Wagstaff 2016). In recent years, the inequality of opportunity
literature often uses machine methods and prediction-focused models to estimate how much
of the variation in adult outcomes (like income) is systematically associated with childhood
circumstances. The greater the inequality in predicted outcomes, the higher the measured
inequality of opportunity (Brunori, Hufe, and Mahler 2023; Brunori, Ferreira, and Salas
Rojo 2023). Our approach, by contrast, is descriptive rather than normative, and it is
more directly focused on the extent to which circumstances can accurately predict future
outcomes for specific individuals. We use prediction not to assess fairness or assign moral
weight to sources of inequality, but to empirically characterize the degree of individual-level
determinism embedded in childhood circumstances. Moreover, we ask not just how much
of adult income is accounted for by parental characteristics across groups, but how well we
can predict who will end up poor, upwardly mobile, or downwardly mobile, and with far
less concern for whether the social rigidity observed can be normatively deemed “just” or
“unjust”.

The Need for Cross-National Comparisons of Predictability
Cross-national studies of social mobility find important and substantial variation across
countries (Breen and Jonsson 2005; Torche 2015). Likewise, estimates of intergenerational
mobility suggest that the weight of the “birth lottery” is likely to vary across high-income
countries (Blanden 2013; Corak 2013). Corak (2013) famously finds that intergenerational
earnings elasticities vary meaningfully across countries, and align closely with prevailing
levels of income inequality, leading to the “Great Gatsby Curve.” More recently, Parolin et
al. (2025) find that the intergenerational persistence of poverty in the U.S. is four times as
high as in some European countries.

That said, the two focuses may not necessarily produce the same outcomes (e.g.,
cross-national variation in the strength of intergenerational mobility may differ from variation
in predictability). As a concrete example: imagine a country that mirrored the average adult
income bins per childhood income decile as in Figure 1 (the red dots are identical), but with
substantially less dispersion of adult outcomes within each childhood income decile (the blue
dots are more concentrated around the means). The two countries would have the same rates
of intergenerational mobility, as classically measured, yet would differ tremendously in terms
of our ability to predict children’s outcomes. Moreover, even if childhood income carried the
predictive information in two countries, predictability can draw on the full set of childhood
circumstances rather than income alone, so other factors, such as demographics or family
structure, might yield different overall levels of predictability.

Understanding the extent to which predictability of life outcomes varies across coun-
tries carries implications for how we interpret the stratification regimes of different societies.
A low-mobility, high-predictability society would reward childhood advantage in a systematic
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manner, whereas a low-mobility, low-predictability society would, in contrast, reflect a more
fluid process of status attainment. More generally, the cross-national framework allows us to
assess how variations in institutions are related to variation in the predictability of different
types of mobility metrics.

In Table 1, we outline six different mobility indicators that we will study in this
analysis, their conceptual focus, and a non-exhaustive list of different institutional and
cultural facilitators of the given type of mobility. We anticipate that cross-national variation
in predictability will differ across these six measures. The logic is that each indicator
captures a distinct dimension of stratification—ranging from broad “system-level” rigidity
to more specific forms of advantage reproduction and mobility flow—and these dimensions
are produced and sustained by different institutional arrangements across countries.

Table 1. Overview of outcomes, their conceptual focus, and connection to cross-national
variation in institutional and cultural facilitators of mobility

Outcome:
Predictability of ____ Conceptual Focus

Institutional and Cultural Contributors
(non-exhaustive)

Income Decile Overall social
rigidity

Overall inequality and national
stratification regimes

Poverty Reproduction of
deprivation

Welfare state and labor market institutions

Top 10% Social closure and
elite reproduction

Strong traditions of inherited elite-family
advantages

Education Deterministic
credentialism

Tracking and vocational education systems,
public investment into education, price and
accessibility

Upward Mobility (from
bottom to top)

Fluidity from
disadvantaged
origins

Institutions promoting upward mobility

Downward Mobility
(from top to bottom)

Fluidity from
advantaged origins

Social, cultural, and institutional
impediments to downward mobility from
the top

Predictability of income decile speaks to overall social rigidity: in more unequal or
strongly stratified societies, early-life advantages should map more tightly onto adult rank
(Breen and Jonsson 2005; Corak 2013). Predictability of poverty captures the reproduction of
deprivation, and is likely to be shaped by welfare-state design and labor-market institutions
that reduce poverty and facilitate upward mobility (Brady 2009; Esping-Andersen 1990).
Welfare state and labor market institutions vary meaningfully across our focal countries: the
U.S. and UK, for example, are characterized as liberal market economies with relatively low
levels of redistribution (Parolin et al. 2025). In these contexts, we might expect higher
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predictability of income deciles overall, but also poverty due to weaker welfare states that
fail to disrupt the reproduction of deprivation.

Predictability of top 10% attainment, on the other hand, reflects social closure and
elite reproduction, where inherited advantage, wealth transmission, and culturally embedded
boundary-making can make elite outcomes more durable in some contexts than others
(Pfeffer and Killewald 2018; Piketty 2014). Predictability of education captures the extent to
which schooling credentials operate as a central and structured gateway to later-life outcomes
(‘deterministic credentialism’), so we expect cross-national differences tied to factors such as
educational tracking, vocational systems, and the accessibility/price of education (Lucas
2001; Shavit and Blossfeld 1993). In Germany, which features early educational tracking
(Dodin et al. 2024), we may expect to find higher predictability of educational attainment
relative to other countries in our analysis.

Australia and South Korea offer further institutional diversity: Australia shares
liberal traits with the UK but maintains more centralized wage-setting and a stronger social
safety net. In contrast, South Korea represents a high-education, high-competition context
where intense familial investments play a central role in children’s outcomes, but also where
attainment of higher education is closer to universal than the other countries examined here
(Kang and Kim 2026). As such, we may expect weaker predictability (more randomness)
at the top end in Australia due to its centralized wage-setting and robust social safety net,
which may facilitate pathways out of disadvantaged origins. Similarly, we might expect
weaker predictability of educational attainment in South Korea due to cultural emphasis on
completing higher education across the range of socio-economic starting points.

Finally, turning to mobility, the predictability of upward mobility and downward
mobility reflects fluidity from disadvantaged versus advantaged origins: upward mobility
depends on whether societies provide institutional “ladders” (schools, labor markets, safety
nets, and opportunity structures) that allow children from low-income origins to convert early
capacities into later attainment, whereas downward mobility depends on how effectively
institutions—and private resources like wealth—insulate advantaged families from shocks
and status loss (Chetty et al. 2014; Corak 2013; Killewald, Pfeffer, and Schachner 2017).

Cross-national differences in the predictability of mobility itself can arise separately
from the predictability of life outcomes. Countries with more encompassing safety nets and
less punitive labor-market risk should exhibit less downward mobility (and potentially less
predictable downward mobility), while countries with more unequal access to high-quality
schooling, stronger residential segregation, or higher reliance on private resources to ac-
cess opportunity may show lower upward mobility (and more predictable persistence at
the bottom). The US and UK therefore provide a useful contrast with Germany’s more
coordinated education-to-work institutions and Australia’s strongly means-tested transfer
system, while South Korea highlights a setting where mobility may be especially conditioned
by education-linked competition and family resource differentials.
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The Current Study
Given the context above, our study aims are fivefold. First, we ask: how well can a
comprehensive set of childhood variables predict adult economic outcomes? We focus on
using a large set of childhood indicators to predict outcomes (adult poverty status, education,
and adult income decile) among all individuals for which we have sufficient data. This first
focus is capturing the rigidity of the stratification system, but does not focus explicitly on
our ability to predict which individuals will experience upward or downward mobility. This
corresponds to outcomes in Rows 1-4 of Table 1.

Thus, our second question asks: when we condition on children being born into a
given part of the income distribution, how well can we predict which children experience
upward or downward mobility? Different from the first research question, which focuses on
predictability of outcomes regardless of specific starting point, these analyses more directly
assess predictability of social mobility (i.e., predictability of adult outcomes among a subset
of individuals with certain childhood incomes). We focus on four more outcomes in our
mobility analysis: the persistence of riches (children born to the top 20% remaining in
the top 20% of the income distribution), the persistence of poverty (predictability of adult
poverty for a child born to the bottom 20%), upward mobility (predictability of above-median
adult income for a child born to the bottom 20%), and download mobility (predictability of
below-median adult income for a child born to the top 20%). This corresponds to outcomes
in Rows 5-6 of Table 1.

Third, as previewed, we focus specifically on five high-income countries for which we
have harmonized, comparable panel data: the US, UK, Australia, Germany, and South Korea.
As we examine our first two research questions, we ask how predictability varies across these
high-income countries. In practice, data limitations have largely inhibited cross-national
prediction of individual mobility outcomes. To our knowledge, no study has directly analyzed
the out-of-sample predictability of mobility in a cross-national context. While some of the
inequality of opportunity work noted above has examined how much of the inequality in adult
outcomes can be attributed to childhood circumstances (Brunori, Hufe, and Mahler 2023;
Brunori, Ferreira, and Salas Rojo 2023; Ferreira and Peragine 2016; Roemer and Trannoy
2016), these studies do not focus on predicting individual trajectories or mobility events.
Moreover, these existing studies face large empirical challenges: they are generally based on
retrospective indicators or two-sample, two-stage least squares models, rather than observed
longitudinal responses in panel data. Recall bias, selective participation into retrospective
modules, and other forms of measurement error may strongly bias such estimates, at least
relative to estimates derived from panel data (Gibson and Kim 2010; Obermaier and Hastings
2025). Distinct from the studies using retrospective data on family circumstances, we use
harmonized, cross-national panel data (discussed more in the next section) to facilitate more
direct comparison across countries with less vulnerability to the measurement errors inherent
in retrospective data. The use of panel data limits the number of countries for which we have
usable data, but increases the reliability of the national estimates that we produce. Moreover,
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the five countries for which we have data still offer useful variation in welfare regimes, national
labor market institutions, education systems, and prevailing levels of economic inequality to
test for cross-national differences in the predictability of life outcomes.

Our fourth aim is to ask if predictability is comparable to other country-level measures:
income inequality, intergenerational elasticities of income and poverty, educational mobility,
the relative poverty rate, a Global Social Mobility Index, and Inequality of Opportunity
index. For all measures, we would expect positive relationships with predictability—that is,
greater inequality or persistence should correspond to higher predictability—except for social
mobility, where the relationship should be inverse (higher social mobility possibly implying
lower predictability).

Finally, fifth, we aim to make a methodological contribution to the study of the cross-
national comparison of predictability. Throughout our study, we compare simple baseline
models to advanced machine learning models. Given that we are using panel data from
longitudinal studies across multiple countries, there are some limitations because we use
the same measures in each country. Thus, to understand the sensitivity of our results, our
study also performs several additional analyses using the U.S. case: we expand the set of
predictors to include additional variables such as race, family wealth, homeownership, and
parental incarceration, and we test whether differences in sample size or overfitting could
explain cross-national variation in predictability.

Taken together, these five aims position our study at the intersection of research on
social stratification, social mobility, and predictive social science.

Data and Methods
Cross-National Equivalent Files (CNEF)
We use five panel datasets included in the Cross-National Equivalent Files (CNEF): the
Panel Study of Income Dynamics (PSID) for the United States, the British Household Panel
Survey merged with Understanding Society for the United Kingdom, the Socio‐Economic
Panel (SOEP) for Germany, the Household, Income and Labour Dynamics in Australia
(HILDA) Survey for Australia, and the Korean Labor & Income Panel Study for South
Korea.1 Each panel follows the same respondents from childhood into adulthood, allowing
us to observe both early-life conditions and adult outcomes. CNEF harmonizes income and
demographic variables across all datasets, ensuring greater comparability across contexts.
All individuals in our analytic sample are observed at least once between ages 0-17 and at
least once between 25-35, although most individuals are observed many more times than this
in each time window. Table 2 below provides greater details on the underlying data sources,
years of observations, and sample sizes in our final analyses.

1CNEF includes other panel datasets for other countries as well, however, these were not included due to
missing key variables from comparability, shorter time windows, and or less consistency compared with the
countries in our analysis.
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Table 2. Summary of Longitudinal Surveys Used

Country Data Source
Adulthood Years
in Sample

Total
Respondents in
Final Sample

US Panel Study of Income Dynamics 1982 – 2019 11,518
Germany Socio-Economic Panel 1996 – 2016 2,765
Australia Household, Income and Labour

Dynamics in Australia Survey
2013 – 2020 2,512

Korea Korean Labor & Income Panel Study 2009 – 2019 2,126
UK British Household Panel Survey &

Understanding Society
2004 – 2017 1,843

Note: Our final sample includes adults who are observed during childhood and during ages 25-35 (”adulthood
years”).

Outcomes
All adult outcomes are measured between ages 25 and 35. We focus both on predicting
attainment outcomes for the full population in each country and on predicting intergener-
ational mobility for children who grew up at the top or bottom of the income distribution.
We measure income at the household level and include all taxes and transfers. For the full
sample, we examine four core indicators of adult attainment: (1) the average number of
years spent in poverty between ages 25 and 35 (“poor”), (2) attainment of a top income
decile (“rich”), (3) total years of completed education, and (4) income decile (1st–10th).
Years of education are not available for the UK, so we do not include predictions for the
UK for this outcome. Income rankings (e.g., “Top 50%” or income decile) are country- and
cohort-specific. Adult income is the within-person mean of equivalised post-tax-and-transfer
household income across observed years between ages 25-35. For each country and each focal
birth year b, we then compute deciles of income using all individuals in that country born in
[b−2, b+2] (a moving 5-year window to reduce measurement error) and assign the resulting
decile only to individuals born in b.

To analyze upward economic mobility, we restrict to individuals who grew up in the
bottom two childhood income deciles. Within this group, we predict two outcomes: adult
poverty (“persistence of poverty”) and reaching the top half of the adult income distribution
(“upward mobility”). We do not attempt to predict rarer transitions, such as movement
from the very bottom decile in childhood to the very top decile in adulthood, because such
cases are extremely uncommon. Similarly, for downward mobility, we focus on individuals
who grew up in the top two childhood income deciles. Here, we predict whether respondents
remain in the top quintile as adults (“persistence of riches”) and whether they fall to the
bottom half of the income distribution (“downward mobility”).2

2We note that predicting membership in the top 50% is mechanically equivalent to predicting membership
in the bottom 50%. We use both terms depending on whether the focus is on upward or downward mobility.
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Adult poverty, income rank, and years of education are modeled as continuous out-
comes, while percentile-based outcomes (e.g., top 10%, top 20%, top 50%) are modeled as
binary indicators. Table 3 summarizes the set of outcomes and the corresponding analytic
samples, and the descriptives for each outcome by country are in Appendix A.

Table 3. Summary of Analyses

Sample Outcome
Modeling
Strategy

Full sample Adult Poverty (average number of years) Continuous
Full sample Adult Top 10% Binary
Full sample Income Rank (Deciles 1-10) Continuous
Full sample Years of education Continuous
Childhood in bottom 20% Adult Poverty (persistence of poverty) Continuous
Childhood in bottom 20% Adult Top 50% (“upward mobility”) Binary
Childhood in top 20% Adult Top 20% (persistence of riches) Binary
Childhood in top 20% Adult Bottom 50% (“downward

mobility”)
Binary

Note: We measure income at the household level and include all taxes and transfers. Percentile rankings
(e.g., ”Top 50%”) are cohort-specific, using a five-year moving average of birth years to compute adulthood
income ranks.

Predictors
Childhood income decile is constructed analogously to adult income (described above) based
on after-tax and transfer household income, and each decile is a separate binary predictor.
Our other measures include family structure (the share of observed years between birth and
age 17 that the child was observed without a male or female adult in the household), number
of siblings, father’s and mother’s educational attainment (primary, secondary, or tertiary),
father’s and mother’s occupation (the modal for each on the single digit ISOC codes), father’s
and mother’s employment (% of observations employed vs not employed), father’s and
mother’s industry (10 categories), child sex, and year the child was born. Additionally,
we incorporate indicators for all missing variables. In all, we have more than 100 predictors
in the full model. A list of predictors is presented in Appendix B.

For the United States, we also estimate supplemental models that draw on a larger
set of predictors available only in the PSID. These additional variables capture parental
characteristics measured during the respondent’s childhood and include race (white, Black,
other), wealth decile, food insecurity, disability status, homeownership, self-reported health,
asthma or high blood pressure, whether a parent was ever incarcerated or convicted of a
crime, and years of each parent’s education.

To situate our predictability estimates in broader national contexts, we also compare
our predictability estimates with other country-level indicators. Specifically, we bring in
measures of income inequality (from the Standardized World Income Inequality Database,
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Solt 2020), intergenerational elasticities of income (from the Global Database on Intergen-
erational Mobility (GDIM), Van der Weide et al. 2024) and poverty (Parolin et al. 2025),
the correlation of education across generations (also from GDIM), the relative poverty rate
(OECD), the Global Social Mobility Index (Geiger et al. 2020), and Inequality of opportunity
index (from the Global Estimates of Opportunity and Mobility).

Methods
Prediction—rather than explanation—is the focus of this study. As such, we use a ma-
chine learning approach and focus on out-of-sample predictability, reflecting best practice in
contemporary prediction research. In particular, the SuperLearner ensemble framework com-
bines multiple algorithms and evaluates their performance through cross-validation. Rather
than estimating causal effects of specific parameters, our methods quantify the extent to
which adult attainment can be accurately predicted from information available in childhood.
By applying these across harmonized panel data from five countries, we provide a rigorous
and comparative assessment of the extent to which the “birth lottery” shapes life chances.

A Metric of Out-of-sample Predictability
We assess predictive performance using the R²-holdout, following prior work in sociology
and related fields (Breen and Seltzer 2026; Salganik et al. 2020; Zheng and Cheng 2025).
This measure compares the accuracy of model-based predictions to a baseline that simply
assigns the mean outcome from the training data to all cases in the test data. Formally, this
measure can be defined as:

𝑅2
holdout = 1 − ∑(𝑦𝑖 − ̂𝑦𝑖)2

∑(𝑦𝑖 − ̄𝑦training)2

Conceptually, it can be understood as the improvement in predictive accuracy achieved by
the model, relative to this baseline. Because prediction errors can sometimes be worse than
those of the mean-only model, the R²-holdout can be less than zero. At the other extreme,
a value of 1 would indicate perfect prediction, though such accuracy is unrealistic in social
survey research. A key reason for this limitation is measurement error in the variables. For
example, reliability estimates for household income in a panel survey in the US were found
to be around 0.7 (Hout and Hastings 2016). Because reliability can be interpreted as the
proportion of variance in the observed measure that reflects the true underlying construct
(Alwin 2007), it also represents an upper bound on R². This implies that even a perfectly
specified model, predicting income in the U.S. would be unlikely to exceed an R² of about
0.7. This provides important context for evaluating what constitutes a “good” level of
predictability in our analyses.

It is also helpful to situate our approach alongside prior prediction studies. In the
Fragile Families Challenge, which provided many research teams with thousands of predictors
from birth to age 9, the most predictable outcome at age 15 (material hardship) achieved an
out-of-sample R² of just 0.23 (Salganik et al. 2020). A more recent study using the NLSY
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to predict midlife family income reached a similar figure of R² = 0.25 (Zheng and Cheng
2025). We return to these benchmarks in the discussion as a point of comparison for our
cross-national results.

Algorithms for Prediction
To estimate the predictability of adult outcomes from childhood characteristics, we employ
the SuperLearner ensemble machine learning framework (Van Der Laan, Polley, and Hubbard
2007). Unlike approaches that rely on a single algorithm, SuperLearner uses cross-validation
to evaluate the out-of-sample performance of multiple algorithms and combines them into an
optimally weighted ensemble that minimizes prediction error. This means that algorithms
that predict well in a given setting receive more weight, while weaker algorithms receive little
or none. This reduces the risk that results hinge on the assumptions of a particular model
and improves predictive accuracy relative to single learning algorithms.3

Our SuperLearner ensemble combines three widely used machine-learning algorithms:
LASSO regression, random forests, and gradient boosting (Hastie, Tibshirani, and Friedman
2009). LASSO (least absolute shrinkage and selection operator) is a regularized regression
method that applies a penalty to the size of coefficients, shrinking some to zero and effectively
performing variable selection. This makes LASSO well-suited for situations with many
potentially correlated predictors, as it reduces overfitting and highlights the most informative
variables. Random forests and gradient boosting, by contrast, are tree-based methods
both designed to capture complex non-linearities and interactions. Random forests average
across many decorrelated decision trees to stabilize predictions and reduce variance, while
gradient boosting builds trees sequentially, with each new tree correcting the errors of prior
ones. Because these three methods rely on very different modeling strategies, combining
them within an ensemble improves predictions. In preliminary analyses, we found that the
ensemble consistently outperformed each individual algorithm in out-of-sample prediction.
At the same time, the relative patterns of predictability across countries and outcomes were
very similar regardless of which algorithm we used.

To provide reference points for interpreting the SuperLearner results, we also estimate
benchmark models using classic indicators from social mobility literature–childhood family
income rank (deciles) and parental education (both mother and father, if observed). These
simple models serve as a baseline for assessing how much predictive power is gained when
additional childhood circumstances are taken into account, relative to the traditional inter-
generational mobility approach focusing on family income and education. We estimate them
using SuperLearner, though OLS and logistic regression (for continuous and binary outcomes,
respectively) produced nearly identical results given the parsimony of these models.

We then estimate models that incorporate a wider set of childhood predictors. The
first specification includes only variables observed by age 10, approximating what could rea-

3Another benefit is interpretive. By examining the weights assigned to each learner, we can see which
modeling strategies contribute most to predictive performance. These weights are included in the Appendix
E.
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sonably be known in early childhood. The final specification includes the full set of predictors
measured up to age 17, which we refer to as the “full model.” (As expected, OLS models with
the full set of predictors lead to severe overfitting and much worse out-of-sample performance
than SuperLearner.) Comparing predictive performance across these specifications allows us
to assess the additional value of richer and later-life childhood information. Due to when
the Korean Labor & Income Panel Study began, we have no observations for children ages
0-10 in Korea, so there is no ages 0-10 model for Korea in our results.

To evaluate out-of-sample predictive performance, we use repeated 5-fold
cross-validation. In this approach, the observations for each country are randomly
split into five equal-sized subsets (“folds”). In each round, four folds are used to train
the model and the remaining fold is used as the holdout data to test the predictability.
This process is repeated five times so that each fold serves as the holdout set exactly once,
ensuring that every observation is used for both training and testing. To reduce potential
noise due to the random partitioning of folds, we repeat this entire 5-fold cross-validation
process three times. For each country-model-outcome specification, we present the mean
R²-holdout across all repetitions as our primary measure of predictability. The appendix
provides tables with the estimates and the range of R²s for each country-model-outcome.

Prediction Robustness
After conducting our main analyses, we conduct four sensitivity analyses to assess the
robustness of our findings. First, our main analyses restrict the predictor set to harmo-
nized childhood measures available in all five countries. The trade-off is that each panel
contains additional variables that may be important for prediction but are not available
cross-nationally. To assess how much this constraint costs, we conduct a sensitivity analysis
using the PSID for the USA, estimating a new set of models that supplements the “full
model” predictors with a much richer set of childhood measures that includes race, family
wealth, parental incarceration, homeownership, parental health indicators, and childhood
food insecurity. This check is reported in full in the main results section below.

Second, to assess whether differences in sample size across countries drive cross-
national variation in predictability, we downsample the U.S. PSID to match the sizes of
the other panels. Third, and relatedly, we use the cases excluded by downsampling as a true
holdout set to evaluate whether our cross-validation procedure yields overfitted estimates. If
the “true test” R² falls noticeably below the cross-validated R², this could suggest overfitting.
Fourth, we restrict the analytic sample to individuals observed at least three times during
childhood, which assesses whether our results are sensitive to the inclusion of individuals
with sparse childhood observations. Full details and figures for the second through fourth
checks are provided in Appendices F and G.

Comparing Predictability to Other Country-level Factors
In the final part of our analysis, we assess how the predictability of individual outcomes
relates to other country-level measures. Our goal is to situate predictability within the
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comparative stratification literature and to test whether it aligns with well-established macro-
level patterns, such as those described by the “Great Gatsby Curve” (Corak 2013). To do
this, we merge our estimates of predictability from the full models with external indicators
described above that are intended to capture inequality, mobility, poverty, and opportunity
in various ways. We then estimate the correlation between each country-level predictor and
our predictability estimates for each outcome. By looking at these relationships, we can
assess whether predictability represents a novel dimension of stratification or closely tracks
existing comparative metrics.

Results
We present our results in four stages. First, we show the results of predicting life outcomes
using the full sample in each country. This is our closest test of the “birth lottery,” because
it evaluates how well adult outcomes can be predicted directly from the complete set of
childhood circumstances. Second, we present models predicting upward and downward
mobility, focusing on outcomes for individuals from families near the top and bottom of
the income distribution. Third, we examine the robustness of our findings in the U.S.
case. Finally, fourth, we compare the predictability of life outcomes to other country-level
indicators.

Predictability of Life Outcomes
Figure 2 shows the results of predicting four outcomes using the full sample. Countries are
ordered by sample size from largest (top) to smallest (bottom). The dark blue triangles
represent the benchmark model using family income and parental education. The light
blue circles show the results when adding variables measured during ages 0–10, and the
orange squares show the full model including all indicators measured up to age 17. As
expected, adding more variables improves predictability in every country, although the size
of the improvement is generally modest. For ease of comparison, we also include a gray
bar showing the predictability of the full model, with the R-squared value written beside it.
Below we first discuss each outcome separately before synthesizing the results.
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Figure 2. Predictability of Life Outcomes Across Countries. Out-of-sample predictability
(R²-holdout) for four adulthood outcomes—poverty, top 10% income, years of education, and
adult income decile—estimated separately for each country. dark blue triangles show the
benchmark model using only family income and parental education; light blue circles add
variables measured through age 10; and orange squares show the full model including all
predictors measured through age 17. The values shown are from the full model. Countries are
ordered by sample size. Korea has no observations for ages 0-10 and the UK does not have a
years of education measure to predict.

Poverty
Panel A of Figure 2 shows that poverty is, by far, most predictable in the United States.
Using only family income and parental education, the predictability of poverty is about 19%,
rising slightly to 20% with the age 0–10 features and to 22% with the full set of predictors.
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In contrast, the predictability of poverty using the benchmark model is no higher than 6%
in any other country. Even with the full set of features, predictability remains below that of
the U.S., at 8%, 5%, 3%, and 2% in Australia, Korea, the UK, and Germany, respectively.

Top 10%
Panel B of Figure 2 shows a different pattern. For ending up in the top income decile, the
U.S. and Korea are the most predictable, each with an R² of about 14% in the full model.
Germany follows at 11%, while Australia and the UK are lowest (4% and 5%, respectively).
In sharp contrast to poverty, the U.S. does not stand apart at the top of the distribution.

Years of Education
Panel C of Figure 2 shows that the U.S. again has the highest predictability of years of
completed education. Using family income and parental education in the benchmark model,
the R² is 24%, increasing to 30% with the age 0–10 features and 32% with the full set of
features. Germany and Australia follow at 27% and 21% in the full model, respectively, while
Korea is far below at 12%. Education is also the outcome where the full set of predictors
adds the most beyond the benchmark. For example, the U.S. and Germany begin from an
identical benchmark R² of 24%, but the additional childhood features raise predictability by
more than 7 points in the U.S. (to 32%) versus less than 3 in Germany (to 27%).

Adult Income Decile
Panel D of Figure 2 shows that the U.S. also has the highest predictability of adult income
rank. With family income and parental education in the benchmark model, the predictability
is about 30%, rising to 31% with the age 0–10 features and to 33% with the full set of
predictors. The remaining countries fall well behind with Korea and Australia next at 19%
and 18%, followed by Germany at 15% and the UK at 11%.

Summary of the Birth Lottery
These results highlight several important patterns. The most striking finding is that poverty
is far more predictable in the U.S. than in any other country, suggesting greater “stickiness”
of poverty across generations. At the other end of the distribution, the U.S. does not stand
out, with predictability the same as Korea, and not so far above other countries. Interestingly,
for the USA and Australia, poverty is more predictable than the top 10%, while for Germany,
Australia, and the UK, entry into the top 10% was more predictable than poverty.

Education and income rank show substantially higher predictability than either
poverty or top attainment (Korea’s low education predictability being the main exception).
This likely reflects the fact that these outcomes span the entire distribution. Thus, even if
it is difficult to predict the exact number of years of education or the precise income decile,
it is easier for the model to get “closer” to the true outcome, and the R² measure rewards
that proximity. But Education is also the outcome where adding predictors beyond the
benchmark matters most. The full set of childhood features raises predictability by as much
as 7 percentage points (in both the U.S. and Australia).
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Predictability of Mobility
Figure 3 presents results predicting intergenerational mobility (or lack thereof) among chil-
dren born into either the bottom or top of the income distribution. For each group, we
predict both remaining in one’s original income group and moving out of it—either upward
into the top half for those from the bottom 20%, or downward into the bottom half for those
from the top 20%.4 Because predicting who will experience mobility and who will not is
tightly linked, we discuss results for each childhood group together. We report only the full
model for these analyses because each subsample is already conditioned on childhood income.
However, the results from the benchmark and 0-10 models are in the Appendix.

Children from the Bottom 20%.
Panels A and B of Figure 3 show results for children born into the bottom 20% of the
income distribution. The model’s ability to predict upward mobility from the bottom 20%
into the top half of the income distribution (Panel A) remains modest, reaching only 7% (in
Australia). Similarly, Panel B shows that predicting adult poverty among children from the
bottom 20% is again extremely difficult, with a maximum R² of just 7% (in the U.S).

4We also examined models predicting more extreme shifts, such as moving from the bottom 20% in
childhood to the top 20% in adulthood, but these cases are relatively rare, and predictability for such events
is correspondingly low.
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Figure 3. Predictability of Upward and Downward Mobility. Out-of-sample predictability
(R²-holdout) for intergenerational mobility among children born into the bottom and top 20%
of the income distribution. Panels A and B show results for children from the bottom,
predicting upward mobility into the top 50% and persistence in poverty. Panels C and D show
results for children from the top, predicting downward mobility into the bottom 50% and
persistence in the top 20%.

Panels A and B of Figure 3 show results for children born into the bottom 20% of
the income distribution. Predictability here is dramatically lower than for the full-sample
outcomes examined above. Whereas childhood characteristics predicted adult poverty with
an R² of 22% in the U.S. across the whole sample, among children who actually grew up in
the bottom 20% the predictability of who remains in poverty falls to just 7% (Panel B), and it
is lower still elsewhere, at 4% in Korea, 3% in Australia, 2% in Germany, and essentially zero
in the UK. The same pattern holds for moving up: the model’s ability to predict movement
from the bottom 20% into the top half of the distribution (Panel A) reaches only 7% at its
highest (Australia), with the U.S. and UK near 4–5% and Germany near 1%.

This steep drop is expected. Everyone in these subsamples already shares a similar
childhood income which means this is not a helpful variable for prediction. Korea’s slightly
negative value (−2%) reflects the absence of any predictive signal in a small subsample and
should be read as effectively zero.
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Children from the Top 20%.
Panels C and D show results for children who start in the top 20% of the income distribution.
As before, family income and parental education alone contribute very little to predicting
either downward mobility or persistence near the top. As with children from the bottom,
predictability is low throughout, but two patterns stand out. Downward mobility (Panel C)
is most predictable in the U.S., at 6%, followed by the UK at 3%; it is near zero in Germany
and Australia and slightly negative in Korea. Persistence near the top (Panel D) is much
higher for Korea (10%), followed by the UK (6%), US (6%), Germany (3%) and Australia
(1%).

Summary of Upward and Downward Mobility
Taken together, these results highlight the challenges of predicting mobility. While narratives
like “rags to riches” are compelling, accurately predicting who will experience it and who will
remain at the bottom is exceptionally difficult. Among children near the top, predictability
is generally just as low, with one exception that remaining in the top 20% is more predictable
in Korea than is any mobility outcome in any other country.

These levels of predictability remain lower than those observed in the full-sample
analyses. This pattern is consistent with the fact that, within these subsamples, there is little
variation in childhood income, which is a key predictor that has already been conditioned
on. Moreover, these models are estimated on smaller subsamples of only 20% of respondents
(from either the top or bottom of the distribution), which further constrains predictability.
Nonetheless, the extremely low predictability of upward mobility across all countries suggests
that fluidity from disadvantaged origins may be governed more by the structural randomness
or “luck” described by others (Lundberg et al. 2024; Rank 2024; Streib 2023; Van De Rijt
et al. 2026), which decouples adult success from childhood circumstances.

Sensitivity of Results
Adding more predictors in the U.S. Case
Throughout the analyses so far, we have used the same harmonized set of variables across all
countries, because our primary interest is in the cross-national variation of the predictability
of the various outcomes. However, each dataset originates from a distinct national panel, and
additional variables are available within each country. Attempting to maximize predictive
performance in every dataset is beyond the scope of this paper (though we return to this
issue in the discussion when considering what might improve predictability and possible
next steps). But to assess how much might be gained from a richer set of predictors, we
conduct a sensitivity analysis using the U.S. case, drawing on additional variables frequently
associated with life outcomes. For these models, we add measures of race, family wealth,
parental incarceration, homeownership, health indicators, and food insecurity, alongside
original variables in the “full model” above.

Figure 4 compares the original R² from the full harmonized models (blue bars, iden-
tical to the results in Figure 2) with the R² from models that include the expanded set
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of predictors (striped orange bars). These additional variables improve predictability for
every outcome, but the gains are modest—no more than 3 percentage points. Even though
variables such as race, parental incarceration, and family wealth are known to be strongly
associated with adult outcomes, much of their predictive power overlaps with information
already captured by the (100+) variables already in the main models. This suggests that
simply adding more variables is unlikely to substantially increase overall predictability,
though in the discussion we also consider types of data beyond survey questions that may
hold greater potential for improving predictability.

Income Decile

Education

Top 10%

Poverty

0.0 0.1 0.2 0.3

R2

O
ut

co
m

e

Original Additional

Figure 4. Sensitivity of Predictability to the Inclusion of Additional Predictors. Comparison of
predictive performance (R²-holdout) for the United States using harmonized predictors versus
an expanded set of U.S.-specific variables. Blue bars reproduce the full-model results; striped
orange bars show results with the expanded predictor set.

Additional Checks
Three additional sensitivity analyses further confirm the stability of our findings; full details
and figures for each are reported Appendices F and G.

Downsampling. Because the U.S. PSID is far larger than the other panels, one concern
is that higher U.S. predictability simply reflects greater statistical power. We address this
by downsampling the PSID to match the sizes of the other panels (N = 2,765; N = 1,843;
N = 418). Predictability does decline with sample size—for example, poverty R² falls from
22% to roughly 19–20% at the sizes of Germany and the UK—but U.S. estimates remain
well above those of any other country, suggesting that sample size alone does not explain the
cross-national gap.
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True-test R². A related concern is whether our cross-validation procedure yields
overfitted estimates, since every case serves as both training and test data at some point.
We use the cases excluded by downsampling as a permanently held-out test set to evaluate
this directly. The true-test R² tracks the cross-validated R² closely across all outcomes, with
negligible differences, indicating that our cross-validation procedure does not meaningfully
inflate predictability estimates.

Minimum childhood observations. Our main analytic sample requires only one ob-
served childhood record. Individuals with sparse childhood coverage may add noise if their
measured childhood circumstances are less representative of their actual circumstances. We
therefore reestimate all full models restricting to individuals observed at least three times
during childhood. Results are nearly identical to those from the main analysis across all
countries and outcomes. Estimates of the R² shift by no more than one to two percentage
points in any country.

Is Predictability Distinct? Comparisons to Other Country-level
Measures
In the final part of our analysis, we compare the predictability of life outcomes to several
country-level indicators that have been central to research on stratification, inequality,
and mobility. For example, the Great Gatsby Curve posits that as income inequality
rises, the distances between positions in the income distribution widen, leading to stronger
intergenerational persistence of advantage and disadvantage (Corak 2013). By this logic,
we would expect both the Gini coefficient of income inequality and the intergenerational
elasticity of income to be associated with higher levels of predictability.

Rows 1 and 2 of Figure 5 show the corresponding correlation of the predictability of
each outcome with the Gini coefficient of income inequality (Row 1) and the intergenerational
elasticity of income (Row 2). The correlations between income inequality and predictability
range from 0.35 (Education) to 0.80 (Income Decile). If we reported these as R² values—the
share of between-country variation in predictability explained by income inequality—this
would range from 0.12 to 0.64. For intergenerational income elasticity, the correlations
range from 0.12 (Top 10%) to 0.91 (Education), corresponding to R² values from 0.01 to
0.83. We further examine relationships between predictability and a broader set of country-
level indicators in the rest of Figure 5: the intergenerational correlation of education, the
intergenerational elasticity of poverty, the relative poverty rate, the Global Social Mobility
Index, and the Inequality of Opportunity Index.

If predictability were a relabeling of classical mobility or inequality measures, we
would expect tight and consistent correlations with the Gini, the IGE, the Inequality of
Opportunity Index, and similar indicators. We do not see this. Instead, correlations vary
largely across outcomes and country-level measures, and no traditional indicator tracks
predictability consistently. This provides further evidence that predictability captures a
distinct dimension of stratification relative to standard mobility estimates. While some of
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these correlations are quite high for particular outcomes, there is no country factor that
consistently has high predictability across all the outcomes.

Some individual correlations are indeed very high, but two features cut against
reading them as evidence that predictability is redundant. First, no single country-level
indicator tracks predictability across outcomes: the measure that lines up most closely
shifts from one outcome to the next, and each indicator that correlates strongly with one
outcome correlates weakly with others. Second, these country-level indicators are themselves
highly intercorrelated, with a median absolute correlation of roughly 0.8 across the five
countries, and several pairs above 0.9 (Appendix C). Against that backdrop, predictability’s
correlations are unremarkable in magnitude and, if anything, looser than the correlations
the other country-level measures share with one another.

The Inequality of Opportunity Index is especially interesting because, conceptually,
it captures a very similar idea to what we are trying to estimate—the extent to which
life changes are determined by circumstances at birth (Brunori, Hufe, and Mahler 2023;
Brunori, Ferreira, and Salas Rojo 2023)—but using a very different methodological approach
and retrospective data. We find widely ranging correlations with this measure that are no
stronger than our other traditional measures of stratification, inequality, and mobility (for a
discussion comparing these traditional measures, see Mitnik 2025).

These correlations should be read with caution, as they are computed across only
five countries (four for the predictability of education) and any single country can exert
substantial leverage. Nevertheless, the broad pattern is that predictability is not consistently
correlated with any other country-level measure. This suggests that predictability represents
a distinct, complementary dimension of stratification.
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Figure 5. Correlations between Country-Level Indicators and Predictability. Each cell reports
the Pearson correlation (r) between a country-level indicator and out-of-sample predictability
for a given outcome, across the five countries.

28



Hastings & Parolin Predicting the Birth Lottery

Discussion and Conclusion
Our analyses offer new comparative evidence on how well adult life outcomes can be predicted
from childhood circumstances. Using harmonized panel data from five high-income nations
and a consistent set of childhood indicators, we find that the predictability of adult outcomes
varies substantially across both outcomes and countries.

Although overall levels of predictability do not exceed an R² of 0.33 in the main analy-
ses, these results should be interpreted in light of the substantial measurement error inherent
in survey-based data (Alwin 2007; Hout and Hastings 2016). Even with perfectly specified
models, the noise in reported family income and other key variables places a practical ceiling
on achievable predictability. Thus, while life trajectories are far from “highly predictable,”
machine learning meaningfully improves upon the conventional explanatory tools that have
long structured research on intergenerational mobility. In doing so, our study advances the
growing use of prediction in social science by applying it to comparative questions of social
mobility and stratification, complementing traditional explanatory approaches (Hofman et
al. 2021; Molina and Garip 2019).

Our levels of predictability for the U.S. are highly consistent with those obtained
in other U.S.-focused prediction-focused projects that were explicitly designed to maximize
prediction accuracy. Yet we have also extended this approach beyond the U.S.—where
prediction research has overwhelmingly focused (Badolato et al. 2026; Breen and Seltzer
2026; Lundberg et al. 2024; Salganik et al. 2020; Zheng and Cheng 2025)—and other
single-country studies (Savcisens et al. 2024; Verhagen et al. 2025; Wolfram 2025), and
have taken a comparative perspective. Across countries, we find substantial variation in how
closely early-life circumstances can predict adult outcomes. Poverty is far more predictable in
the United States than in any of the other countries examined, suggesting that disadvantage
in early life translates more directly into disadvantage in adulthood. These findings are likely
attributable to comparatively weak welfare state and labor market institutions in the U.S.
compared to the other countries studied here.

Education is moderately predictable in all countries, though less so in Korea where
widespread cultural importance of completing higher education reduces the predictability
of our childhood indicators. Meanwhile, overall income rank is moderately predictable
in all countries mark, although considerably higher in the US. These patterns show that
predictability depends both on the outcome being considered and on the institutional and
social context in which inequality is structured. The findings also reinforce that mobility
outcomes are not synonymous with predictability: the UK, for example, is traditionally
understood as a low-mobility country yet features the least predictability for poverty and
income rank.

Predictability is much more limited when we shift the focus from overall outcomes
to outcomes conditional on one’s childhood income position. For children growing up in
low-income families, there is little in the observed data that distinguishes those who go from
“rags to riches” compared to those who remain near the bottom. In contrast, for children from
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high-income families, remaining at the top is somewhat more predictable. This asymmetry
suggests that advantage is more durable than disadvantage, particularly outside of the United
States. Yet even there, life trajectories retain a substantial element of unpredictability.

The unpredictability that remains is itself substantively meaningful, reflecting the
important roles of choices by individuals and those around them, stochastic events, and luck
in shaping where people end up (Rank 2024; Streib 2023; Van De Rijt et al. 2026). That
this unpredictability varies across institutional contexts highlights how the scope for luck
and human agency in the life course is itself socially structured.

When comparing our country-level estimates of predictability to other established
indicators of inequality and mobility. These relationships vary considerably by the indicator
and the prediction outcome, suggesting that while predictability captures some of the same
underlying processes as conventional measures of stratification, it also reflects a distinct
dimension of social structure.

It is important to note that the goal of this study is not to completely maximize
predictive accuracy within any single country, but to produce comparable estimates across
countries. To ensure comparability, we restricted the analysis to harmonized childhood
variables available in all five panels. Our sensitivity analyses using a larger set of predic-
tors in the U.S. data show that adding these additional indicators—such as race, wealth,
and parental incarceration—improves predictability only modestly. Together with tests for
sample-size effects and potential overfitting using a “true” test R², these results suggest that
our estimates reflect genuine limits to the predictability of life outcomes, at least when using
survey data.

Despite the study’s contributions, some limitations merit attention and point to clear
priorities for future work. Although the panel surveys used here provide rare longitudinal
data on both childhood and adult conditions, they remain limited in scope compared to the
richness of administrative or registry data available in some countries. Linking predictive
models to large-scale administrative records could help reduce measurement error, vastly
increase sample size, and provide a much larger set of variables, including those that are not
and even cannot be measured in a survey (for examples of prediction work with registry data,
see Savcisens et al. 2024; Verhagen et al. 2025). Unfortunately, such data remain mostly
unavailable in the United States and many other contexts. To the extent to which they are
available, they would certainly pose new computational and modeling challenges (but also
opportunities).

Relatedly, future work could expand the scope of prediction both geographically
and substantively. Adding additional countries—particularly middle- or low-income—would
provide a more complete picture of how institutional and economic contexts could shape
predictability. Researchers might also consider alternative or richer types of features, such
as genomic information or text-based measures from open-ended survey responses or digital
traces (Wolfram 2025). Such data could capture aspects of family environments and indi-
vidual dispositions not reflected in conventional survey variables, although they would likely
only improve predictability to the extent to which they do not already correlate with existing

30



Hastings & Parolin Predicting the Birth Lottery

indicators like parental education.
While more research is needed, the results presented in this paper suggest that

predictability is an important dimension of stratification, complementing but distinct from
other measures of mobility, inequality, and opportunity. We show predictability varies
substantially both across countries and across life outcomes, even when using the same
models and variables.

Predictability has distinct policy implications as well: in a highly predictable society,
governments should strategically concentrate resources on the children who are, with high
confidence, destined to perform poorly in adulthood. These could include early-childhood
supports, educational investments, and other targeted interventions. Conversely, a low-
predictability society may be better served by broad-based or universal interventions, given
less ability to predict which children are bound to end up at which parts of the adulthood
income distribution. In such settings, more inclusive investments—in schools, child benefits,
health, housing, and labor-market institutions—may yield higher returns precisely because
they do not depend on confidently sorting children into future winners and losers.

Ultimately, some unpredictability may be an inherent—and indeed even desirable—
feature of social life. A society in which childhood circumstances perfectly determine adult
outcomes would be deeply rigid, leaving little room for chance, choice, or change. The
modest levels of predictability we observe may therefore signal not only the limits of our
data or methods, but also the persistence of openness in the mobility process, where both
“rags” and “riches” are possible outcomes, regardless of where one is born. From this
perspective, unpredictability can be understood as evidence of social fluidity and an indicator
that individuals’ life chances are not entirely bound by their ticket in the birth lottery.
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Appendix A: Descriptive Statistics
Table A1 reports descriptive statistics for the adult outcomes that the models predict. Continuous
outcomes show the mean with the standard deviation in parentheses; binary outcomes report
the prevalence as a percentage. The full-sample outcomes are computed over the analytic sample
(respondents with an observed childhood income rank and an observed adult income rank, matching
the sample sizes reported in the main text). The mobility outcomes are computed within their
subsamples: children who grew up in the bottom 20% of the childhood income distribution (for
upward mobility and persistence of poverty) or the top 20% (for downward mobility and persistence
of riches). The United Kingdom panel does not include the years-of-education outcome.

Table A1. Descriptive statistics for adult outcomes by country. Continuous outcomes show mean
(SD); binary outcomes show prevalence (%).

Outcome USA Germany Australia Korea UK

Full sample
Adult poverty (ages 25–35) 0.25 (0.35) 0.10 (0.23) 0.10 (0.23) 0.11 (0.24) 0.13 (0.26)
Adult top 10% income 9% 11% 10% 11% 9%
Years of education 13.42 (2.16) 12.71 (2.77) 13.13 (2.24) 15.12 (1.88) —
Adult income decile (1–10) 5.32 (2.89) 5.85 (2.86) 5.46 (2.90) 5.55 (2.90) 5.50 (2.86)

Childhood bottom 20%
Upward mobility (reach top 50%) 26% 43% 35% 37% 42%
Persistence of poverty 0.49 (0.39) 0.15 (0.29) 0.19 (0.31) 0.21 (0.32) 0.17 (0.28)

Childhood top 20%
Persistence of riches (stay top 20%) 46% 39% 34% 47% 34%
Downward mobility (fall to bottom 50%) 13% 23% 23% 18% 24%

Sample sizes
N (full sample) 11,518 2,765 2,512 2,126 1,843
N (childhood bottom 20%) 2,274 443 505 420 325
N (childhood top 20%) 2,245 717 529 411 398
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Appendix B: Predictors
Table B1 lists the harmonized childhood predictors used across all five countries. Categorical
predictors (parental industry, occupation, and educational attainment, and the childhood income
decile and birth-year indicators) are expanded into binary indicator variables, and every predictor
is accompanied by a missingness indicator that equals one when the underlying value is unobserved.
Table B2 lists the additional predictors from the U.S. PSID, which are used in the supplemental
analysis reported in the main text.

Table B1. Harmonized childhood predictors (used in all five countries)

Domain Predictor Description

Childhood
income

Childhood income decile
(1–10)

Household net (post-tax/transfer)
equivalized income rank during
childhood, cohort-specific; entered as 10
indicators.

Parental
education

Mother’s / father’s
education

Highest educational attainment of each
parent, harmonized to three levels (low,
medium, high/tertiary).

Mother / father
employed

Share of observed childhood years that
mother/father was employed

Mother’s / father’s
occupation

Modal single-digit ISCO occupation
group of each parent; entered as
indicators.

Parental work

Mother’s / father’s
industry

Modal industry of each parent (10
categories); entered as indicators.

Share of years without a
male adult

Share of observed childhood years in
which no adult male was present in the
household.

Share of years without a
female adult

Share of observed childhood years in
which no adult female was present in
the household.

Number of children in
household

Average number of children in the
household during childhood.

Family structure

Single parent Share of childhood living in a
single-parent household

Parental age Mother’s / father’s age
at birth

Age of each parent at the child’s birth.

FemaleDemographics

Birth year / cohort Year-of-birth cohort, entered as
indicators.

Childhood observation
counts

Number of childhood observations in
ages 0–5, 6–10, and 11–17.Observation

structure Age at first observation

Missingness Missing-value indicators For every predictor, an indicator equal
to 1 when the value is unobserved (with
the value recoded to -1).
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Table B2. Additional U.S.-only (PSID) predictors used in the supplemental U.S. analysis

Predictor Description

Race Indicators for respondent race (White, Black, Other).
Family wealth decile Decile of household net worth during childhood.
Homeownership Whether the childhood household owned its home.
Food insecurity Whether the childhood household experienced food

insecurity.
Parental incarceration Whether a parent was ever incarcerated or convicted of a

crime.

Disability
Self-rated health
Asthma / high blood
pressure
Parental education (years) Years of completed education for mother and father.
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Appendix C: Country-Level Indicators and Sources
Table C1 reports the country-level indicators used in the analysis comparing predictability to other
measures of inequality and mobility, together with their sources.

Table C1. Country-level indicators of inequality and mobility

Indicator USA Germany Australia Korea UK
Gini coefficient of income inequality 37.80 30.20 27.70 33.20 31.00
Intergenerational income elasticity (GDIM) 0.61 0.39 0.27 0.22 0.47
Intergenerational persistence of poverty 0.42 0.10 0.20 — 0.15
Intergenerational education correlation 0.42 0.32 0.29 0.39 0.30
Relative poverty rate 18.10 11.30 12.60 14.90 12.60
Inequality of Opportunity index 0.39 0.28 0.35 0.33 0.32
Global Social Mobility index 70.40 78.80 75.10 71.40 74.40

Sources.
• Gini coefficient — Standardized World Income Inequality Database (SWIID), Version 9.9;

Solt (2020). Values for 2020. https://fsolt.org/res/published/solt2020
• Intergenerational income elasticity — Global Database on Intergenerational Mobility

(GDIM); Van der Weide et al. (2024). https://www.worldbank.org/en/topic/poverty/
brief/what-is-the-global-database-on-intergenerational-mobility-gdim

• Intergenerational persistence of poverty — Parolin et al. (2025) (Nature Human
Behaviour). https://doi.org/10.1038/s41562-024-02029-w

• Intergenerational education correlation — Global Database on Intergenerational Mobil-
ity (GDIM); Van der Weide et al. (2024). The education measure is the intergenerational cor-
relation (cohort average, 1980 cohort). https://www.worldbank.org/en/topic/poverty/
brief/what-is-the-global-database-on-intergenerational-mobility-gdim

• Relative poverty rate — OECD Income Distribution Database (IDD); poverty headcount
at 50% of median equivalised disposable income, total population (2023 or latest available
year). https://www.oecd.org/en/data/datasets/income-and-wealth-distribution-
database.html

• Inequality of Opportunity index — Global Estimates of Opportunity and Mobility
(GEOM; the Inherited Inequality project), based on retrospective measures, 2011–2019.
https://geom.ecineq.org

• Global Social Mobility index — World Economic Forum, Global Social Mobility Index
2020; Geiger et al. (2020). https://www.weforum.org/publications/global-social-
mobility-index-2020-why-economies-benefit-from-fixing-inequality/
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Figure C1 shows the pairwise correlations among these country-level indicators themselves,
across the five study countries. It complements the correlation heatmap in the main text (Figure
5), which instead correlates each indicator with our predictability estimates.
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Figure C1. Correlations Among Country-Level Indicators. Each cell reports the Pearson correlation (𝑟)
between two country-level indicators, computed across the five study countries.
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Appendix D: Full Numeric Results
Tables D1 and D2 report the out-of-sample predictability (𝑅2-holdout) values plotted as bar charts
in the main text (Figures 2 and 3). Each cell reports the mean across the three cross-validation
repetitions, with the minimum and maximum across repetitions in parentheses. “Benchmark” uses
family income and parental education only; “Ages 0–10” adds all harmonized predictors through
age 10; “Full model” adds all harmonized predictors through age 17. Korea has no observations for
children ages 0–10, and the United Kingdom does not measure years of education.

Table D1. Predictability of life outcomes, full sample (R-squared holdout; mean with min–max
across repetitions)

Country Benchmark Ages 0–10 Full model
Poverty

USA 0.188 (0.188, 0.188) 0.196 (0.196, 0.197) 0.221 (0.219, 0.221)
Germany 0.017 (0.013, 0.020) 0.015 (0.014, 0.016) 0.022 (0.020, 0.023)
Australia 0.057 (0.054, 0.059) 0.055 (0.051, 0.060) 0.080 (0.072, 0.084)
Korea 0.045 (0.042, 0.050) — 0.050 (0.046, 0.052)
UK 0.004 (-0.000, 0.007) 0.022 (0.020, 0.024) 0.028 (0.021, 0.033)

Top 10% income
USA 0.127 (0.126, 0.127) 0.124 (0.122, 0.126) 0.136 (0.134, 0.137)
Germany 0.097 (0.095, 0.098) 0.069 (0.067, 0.072) 0.109 (0.107, 0.113)
Australia 0.040 (0.036, 0.043) 0.034 (0.030, 0.037) 0.043 (0.037, 0.049)
Korea 0.124 (0.121, 0.128) — 0.142 (0.139, 0.146)
UK 0.049 (0.042, 0.056) 0.036 (0.024, 0.044) 0.048 (0.043, 0.057)

Years of education
USA 0.241 (0.240, 0.241) 0.300 (0.300, 0.301) 0.315 (0.313, 0.316)
Germany 0.242 (0.240, 0.243) 0.263 (0.260, 0.264) 0.268 (0.267, 0.269)
Australia 0.133 (0.129, 0.136) 0.195 (0.190, 0.198) 0.207 (0.205, 0.212)
Korea 0.100 (0.100, 0.101) — 0.116 (0.115, 0.117)
UK — — —

Income decile
USA 0.297 (0.297, 0.298) 0.308 (0.307, 0.308) 0.333 (0.333, 0.333)
Germany 0.127 (0.125, 0.128) 0.120 (0.115, 0.126) 0.149 (0.144, 0.154)
Australia 0.147 (0.145, 0.148) 0.136 (0.132, 0.142) 0.180 (0.175, 0.185)
Korea 0.177 (0.176, 0.178) — 0.193 (0.189, 0.196)
UK 0.093 (0.089, 0.097) 0.103 (0.099, 0.105) 0.110 (0.107, 0.112)
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Table D2. Predictability of mobility (R-squared holdout; mean with min–max across repetitions)

Country Benchmark Ages 0–10 Full model
Upward mobility (bottom 20% to top 50%)

USA 0.011 (0.010, 0.012) 0.035 (0.033, 0.039) 0.039 (0.031, 0.045)
Germany 0.010 (0.007, 0.013) 0.009 (0.005, 0.016) 0.013 (0.008, 0.018)
Australia 0.004 (-0.009, 0.023) 0.020 (0.014, 0.027) 0.073 (0.069, 0.079)
Korea -0.011 (-0.015, -0.004) — -0.016 (-0.032, 0.000)
UK 0.024 (0.012, 0.032) 0.035 (0.033, 0.037) 0.047 (0.033, 0.067)

Persistence of poverty (from bottom 20%)
USA 0.024 (0.024, 0.025) 0.063 (0.059, 0.068) 0.070 (0.064, 0.076)
Germany 0.030 (0.015, 0.042) 0.006 (-0.011, 0.026) 0.017 (-0.001, 0.037)
Australia 0.006 (0.002, 0.010) 0.016 (0.010, 0.021) 0.028 (0.026, 0.032)
Korea -0.000 (-0.003, 0.002) — 0.035 (0.016, 0.069)
UK -0.004 (-0.018, 0.004) 0.019 (-0.007, 0.047) -0.001 (-0.020, 0.028)

Downward mobility (top 20% to bottom 50%)
USA 0.036 (0.033, 0.039) 0.053 (0.050, 0.056) 0.062 (0.057, 0.068)
Germany 0.001 (-0.006, 0.007) 0.003 (-0.002, 0.010) 0.005 (-0.004, 0.010)
Australia -0.000 (-0.007, 0.003) -0.010 (-0.035, 0.007) 0.006 (-0.015, 0.020)
Korea 0.004 (-0.000, 0.010) — -0.048 (-0.065, -0.017)
UK 0.018 (0.012, 0.025) 0.034 (0.024, 0.042) 0.026 (0.019, 0.039)

Persistence of riches (top 20% stays top 20%)
USA 0.044 (0.043, 0.045) 0.055 (0.054, 0.057) 0.059 (0.057, 0.060)
Germany 0.031 (0.029, 0.034) 0.006 (0.003, 0.012) 0.026 (0.019, 0.030)
Australia -0.001 (-0.004, 0.002) -0.008 (-0.024, 0.003) 0.010 (-0.004, 0.028)
Korea 0.039 (0.033, 0.047) — 0.103 (0.086, 0.117)
UK 0.060 (0.054, 0.069) 0.071 (0.060, 0.083) 0.061 (0.050, 0.073)
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Appendix E: SuperLearner Ensemble Weights
The SuperLearner ensemble combines three base learners—LASSO regression (glmnet), random
forests (ranger), and gradient boosting (xgboost)—by assigning each a weight that minimizes
cross-validated prediction error. Table E1 reports these weights for the full model in each country,
averaged across all cross-validation folds and repetitions.

Table E1. SuperLearner ensemble weights, full model, by country (mean across folds and
repetitions)

Country LASSO Random forest Gradient boosting
Poverty

USA 0.42 0.55 0.03
Germany 0.64 0.35 0.01
Australia 0.36 0.59 0.06
Korea 0.41 0.59 0.00
UK 0.49 0.51 0.00

Top 10% income
USA 0.55 0.38 0.07
Germany 0.65 0.27 0.08
Australia 0.48 0.51 0.01
Korea 0.35 0.54 0.11
UK 0.58 0.32 0.11

Years of education
USA 0.37 0.51 0.12
Germany 0.39 0.51 0.11
Australia 0.46 0.43 0.11
Korea 0.64 0.34 0.02
UK — — —

Income decile
USA 0.42 0.46 0.12
Germany 0.38 0.57 0.05
Australia 0.34 0.63 0.03
Korea 0.62 0.32 0.05
UK 0.48 0.51 0.01
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Appendix F: Downsampling and True-Test Robustness
Our main analyses rely on repeated 5-fold cross-validation, in which every observation serves as
both training and test data at different points in the procedure. Two concerns arise from this
design. First, because the U.S. PSID is far larger than any of the other panels, higher predictive
performance in the U.S. could simply reflect greater statistical power rather than genuine differences
in social rigidity. Second, cross-validation does not reserve any data as a permanently held-out test
set, which in principle leaves open the possibility of overfitting (Molina and Garip 2019).

To address both concerns simultaneously, we downsample the U.S. PSID to three smaller
sizes: 𝑁 = 2,765 (matching the next-largest panel, Germany), 𝑁 = 1,843 (matching the smallest
full-sample panel, the UK), and 𝑁 = 418 (the smallest subsample used in any of the mobility
analyses). Each downsampling is repeated three times to ensure results are not sensitive to a
particular random draw. Cases excluded from each downsampled training set serve as a true
holdout. Model predictions are generated for those excluded observations, and we compute a “true
test” 𝑅2 based solely on those never-seen cases.

Figure F1 shows the results. Blue squares trace cross-validated predictability as sample size
shrinks from the full U.S. sample down to 𝑁 = 418. Predictability declines with sample size, as
expected, but remains well above that observed in any other country, suggesting that sample-size
differences do not explain the cross-national gap in predictability. Predictability declines more
sharply at the smallest sample (𝑁 = 418), which provides useful caution for interpreting the
mobility analyses that use similarly small subsamples. The orange circles show the true-test
𝑅2 for each downsampled model. These values track the cross-validated estimates closely across
all outcomes and sample sizes, indicating that our repeated cross-validation procedure does not
meaningfully overfit the models or inflate predictability estimates.
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C: Education D: Income Decile

A: Poverty B: Top 10%
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Figure F1. Sensitivity of Predictability to Sample Size and True-Test Evaluation. Results from
downsampling the U.S. PSID to match smaller panels. Blue squares show cross-validated predictability
(R²-holdout); orange circles show the true-test R² estimated using excluded cases as a held-out sample.
The top row of each panel reproduces the full-sample U.S. results.
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Appendix G: Minimum Childhood Observations Robustness
Our main analytic sample requires only one observed childhood record. We reestimate all full
models restricting to individuals observed at least three times during childhood, which provides
more reliable estimates of childhood conditions, but on a smaller sample. Results are nearly identical
to those from the main analysis across all countries and outcomes. The sample sizes are reported
next to each bar.
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Figure G1. Robustness of Full-Model Predictability to Sample Restrictions. Grouped bars compare
out-of-sample predictability (R²-holdout) between original full-model results (orange) and restricting
to individuals observed at least three times during childhood (dark blue). N’s are reported for each
model to the right of each bar. size.
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